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Abstract: With the rapid development of online wholesale platform, and its urgent need to build up the online rating system,
text comments have attracted high attention. With the adoption of the content analysis, the text comments of aliexpress.com
are coded into nine categories, and 29 sub-elements, covering contents of transaction process, quality, pricing, service,
logistics, seller trustworthiness, subjective favorites and behavioral intentions. Simple frequency analysis and regression
analysis are adopted to further dig out the inherent implications. It is indicated that online wholesalers use objective
comments as well as subject sentences, and tell about the average and also the details. The most important is that dimensions
like product quality, transaction process, overall service, overall logistics and product favorites are those that can arouse
positive and negative emotions. Consequently, component rating systems are suggested to be designed, and with certain
revisions. Opportunities to open up the evaluation of detailed elements and subjective feelings are also appealed.
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1.

INTRODUCTION
Through acting as an independent online escrow service provider, the newly emerged B2B2C online

wholesale platform operators can fully facilitate online transactions. Sellers are required to send commodities
soon as the buyers pay the escrow, and the fund can then be transferred to the sellers after the buyers confirm the
commodities. Instead of providing only the basic commodity information, this new form of business model can
facilitate actual online transactions. DHgate.com is the first established online wholesale platform in China, and
its turnover in 2010 reached 6 billion Yuan[1]. Alibaba also launched an online wholesale platform in 2009 AliExpress, in which a large number of small and medium made-in-China companies can sell commodities to
oversea wholesalers.
With the involvement of third-party escrow service, the “dare to buy” problem of small wholesalers was
solved, but the “where to buy” problem is still puzzling. Online rating system can help distinguishing good
sellers from the bad, and reduce buyers’ search costs. The online rating system for online wholesale platform
basically follows the traditional binary rating system in C2C market, formed by the numerical rating scores and
the text comments. The commonly adopted binary rating system use an easy number of 1 (positive), 0 (neutral)
and -1 (negative), or 4, 5 (positive), 3 (neutral), and 1, 2 (negative), and the scores are resulted through simple
accumulations, In addition, traders can also leave text comments. However, there are some drawbacks in the
binary rating system. Resnick and Zeckhauser et al. [2] analyzed eBay market data and found that in online
binary rating system, at least 48.3% of the buyers and 39.4% of the sellers choose not to rate, and 99.1% of
sellers who do rate give only positive ratings. Therefore, text comments turn to be a focus of researchers as well
as practitioners. There are many issues needing to explore: What are the main contents in the text comments?
What elements do wholesalers most concern? Are there emotional differences for varied elements? Which
1
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elements have impacts on wholesalers’ rating behavior?
This paper is therefore to analyze the text comments of online wholesalers. Through adopting content analysis
and certain statistical methods, the paper explores the elements of the text comments left by international
wholesalers, discusses what they mostly concern, and try to explain the wholesalers’ behavior. The remaining
sections are organized as the following. The literature review is proposed in section two. Section three displays
the content analysis process, and section four reports the data analysis results. Discussion and conclusion are
followed in section five.
2.

LITERATURE REVIEW
Text comment can reveal buyer’s satisfaction about the entire transaction process, such as the seller’s service

level, product quality, shipping speed, etc. Meanwhile, it can also reflect the buyer’s attitudes about the
transaction or towards the seller, such as extreme anger or anxiety. Popescu pointed out that text comment can
be explored from four categories: product features, subjective evaluation, the emotions, and the importance of
different elements of text comments[3].
From the perspective of text mining, text comments can be divided into objective text and subjective text.
Objective text refers to a user’s description about the attributes or characteristics of goods, while subjective text
is defined as the subjective emotional expression about goods and services. Therefore, it is possible to analyze
the text comment from the emotion perspective, which main purpose is to explore the emotional tendencies of
traders. Text comment’s valence can usually be divided into three types: positive, negative or neutral[4]. Many
scholars attribute the positive and the negative ratings as extreme evaluations, while define the neutral ones as
neutral mood[5-6].
Different types of text comments affect potential traders diversely. Ghose and Ipeirotis[7] studied the impact of
subjective and objective valence, finding that the higher tendency of the subjective emotions in the text comment,
the lower will the usefulness of the comments be. However, Hao Yuanyuan et al. [8] found that a mixture of
subjective and objective valence has stronger effect. The higher the degree of mixing, the more useful will the
comments be. Dellarocas et al. [9] averted that extreme ratings are easier to attract high attentions, and people are
therefore more likely to make extreme evaluations, or concern more about the extremes. Ghose and Ipeirotis[7] also
verified that the extreme ratings affect customers more effectively than that of neutral ratings. There were some
other scholars who deeply explored the extreme ratings, and found that the effectiveness is distinctly different
between positive ratings and negative ratings. Skowronski and Carlston[10] concluded that negative comments
affect people's purchase behavior more effectively, because people’s response tendency to the negative comments
is greater than that to the positive. On the other hand, Adaval et al. [11] try to understand this by using theory of
cognitive consistency, and believe that potential consumer is holding positive attitude when reading product
reviews, so that the impact of negative comments on the consumer’s decision making would be reduced due to the
consumer’s positive expectation. After a series of empirical study, Sen and Lerman[12] found that to both utilitarian
goods and hedonic goods, the effect of positive rating is stronger than the negative rating, and negative ratings are
less effective for the hedonic goods than that for the utilitarian goods. Hao et al. [8] proved that the effectiveness of
ratings is related to both positive and negative emotions. The higher the degree of mixture between positive and
negative emotions, the stronger the usefulness of evaluation is.
3.

CONTENT ANALYSIS

3.1 The definition
How to transfer text contents into numeric contents that can be analyzed easily is the most critical question of
doing text comment analysis. Content analysis and text mining are the main methods that can be used. Content
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analysis is a semi-quantitative research method used to determine the presence of certain words or concepts
within texts or sets of texts. To conduct a content analysis, the text is coded or broken down into manageable
categories on a variety of levels -- word, word sense, phrase, sentence, or theme -- and then examined using one
of content analysis' basic methods: conceptual analysis or relational analysis.
Pavlou and Dimoka[13] adopted text comments to analyze consumers’ text comments on eBay,,and
distinguished out the influencing effect of positive and negative comments on benevolence and credibility. Qu et
al.

[14]

also did research based on content analysis. They collected data from Yahoo Shopping, and coded

consumers’ text comment into 14 dimensions.
3.2 Data source
This paper chose AliExpress as the data source. This B2B2C wholesale platform has developed to one of the
leading international B2B trading e-market Currently, AliExpress adopts the 1 to 5 scale for its online rating
system. It is comparatively the same with the traditional binary rating system. with 1/2 representing the negative
rating, 3 representing the neutral, and 4/5 taking the meaning of the positive., Buyers can also leave text
comments in English, which is the official language of AliExpress. .
We collected the text comments of all dealers during the first half of 2010, which amounts over 60000
transactions.. More than 45.6% of the traders didn’t write text comments, and of those remaining 54.4% dealers,
majority of them adopted symbols like smile face or simple words of “excellent, good, ok, nice”. Same as the
previous literature, we choose to delete those less valuable text comments so as to raise the general validity of
the whole database. In addition, only one unique comment is saved when one buyer leaves the same comments
towards the same seller during multiple deals. Through this process, more than 2/3 of the initial comments are
deducted. Due to the redundancy of content processing, a ten percent randomization is taken, resulting in 1147
samples..
3.3 Content coding
The prerequisite of content analysis is to set the coding rule. In order to well define the elements of text
comments, we refer to previous literature as well as the current online rating system. With a basic idea of
content coding, the two authors quickly review more than 20000 text comments, and clarify the main content
elements. Ultimately, we determined 29 dimentions which belong to nine categories, as shown in Table 1.
Table 1 Dimensions of text comments
Item

Dimension

Item

Dealing experience

Dimension

Content

The overall service

Transaction

Favorites of the transactions
Subjective

Order accuracy

Service

Communication

process

Favorites of the goods
feeling

Diversity of goods

Professional

Favorites of the seller

Quality

Pricing

Price

Behavioral

Recommendation

Item as described

& Shipping

Shipping cost

tendency

Come again

Quality

Evaluation of the seller

Overall evaluation of the seller

The overall logistics

Encouragement

Delivery speed
Logistics

Trustworthiness evaluation of the seller
Gifts

Be familiar with
Others

Thank
Others

Logistics speed

High-context cognition

Customers preferences

Package

Sorry

Tendency of disappointment

In order to further understand the different dimensions, and especially to further dig out the emotions of the
text comments, a pool of vocabulary are designed for better content coding. As table 2 shows, diverse categories
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of words can express different meanings and emotions. Once the example pool is formed, the follow-up content
coding work can be done consistently.
Table 2 Examples of the vocabulary pool
Dealing experience

Everything was fantastic, perfect deal, good

The overall service

Good service

experience to do business
Order accuracy

Missing parts. the color is not I requested

Communication

Very good communication, patience

Diversity of goods

products out of stock, should have more

Professional

efficient service, prompt service

size
The overall logistics

fast shipping, fast delivery,

Quality

Good quality, fake, bad quality

Delivery speed

delivery posted straight after payment

Item as described

Exactly as described, accurate to the
picture

Logistics speed

Due to the late of EMS

Package

Safely

packaged,

arrived

in

perfect

Price

Great price, competitive price

Shipping cost

Free shipping, shipping fee is too much

Trustworthiness of

reliable seller, honest seller, trustworthy

the seller

seller

condition.
Overall

evaluation

very good seller, recommended seller,

of the seller
General favorites of

Excellent, great,

General favorites

Beautiful product,

General favorites

Like the seller

the transactions

A+++, disgusting

of the goods

cute product, love it

of the seller

Recommendation

Strongly recommend, don't miss it,

Come again

will buy from again, will deal again

Encouragement

Work hard, you are the best, keeps time

Gifts

Thanks for your gift,

well
Be familiar with

Bought second time, good as before,

Thank

Thank you, thanks a lot

High-context

The salesperson is very nice, very good

Customers

It does not for the Thailand market

cognition

person

preferences

Sorry

Sorry but i have been on holiday

Disappointment

I am so disappointing

Very good

excellent, perfect, great, gorgeous

Bad

bad experience, a little not worth

Good

good, nice, all are working

Very bad

very bad seller, worthless, fake, bad
quality,

For elements like deal process, quality, pricing, service, logistics, seller’s reputation, general favorites,
behavioral intentions, and customer preferences, the Likert-5 scale is adopted in the content coding process. 2
and -2 are the highest and lowest score, and it is coded 0 when there is no sign of any dimension. Dummy
variable of 1 and 0 is used for other elements. Two independent coders are hired to code the comments. They are
firstly asked to read a number of 200 text comments, and then the inconsistencies are discussed so as to raise the
general validity. After the final coding, the reliability test shows that the two coders meet the compliance
standards.
4.

DATA ANALYSIS RESULTS

4.1 General frequency analysis
SPSS16.0 is used to do the descriptive frequency statistics analysis. As it is showed in table 3, the mean of
overall rating is 4.61, which reveals that general wholesalers are averagely satisfied with the transactions,
However, the statistics of the 29 specific elements can indicate some inherent problems that small wholesalers
cannot easily express during the simple rating process. In the frequency analysis, comments about the product
quality and the overall logistics have the highest frequency, respectively accounting for 34.5% and 33.4%. The
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frequency of dimensions like the overall service, the overall evaluation of the seller, and the general favorites of
the goods also attract high attention, all bearing a percentage of more than 25%. Comments regarding dealing
experience, item as described, the general favorites of the transactions, and the tendency for future purchase
all show up with a frequency of more than 10%. There are some elements that also appear in the wholesalers’
comments sporadically, yet do not account for a large share. Elements like product diversity, delivery speed,
general favorites of the seller, customers preferences, and etc. all belong to this category.
Table 3 Frequency of the basic statistics (N=1147)
Dimension

Minimum

Maximum

Mean

Variance

Percentage

Dealing experience

-2

2

0.17

0.632

16.9

Order accuracy

-2

2

-0.02

0.410

7.4

Diversity of goods

-1

0

0.00

0.051

0.3

Quality

-2

2

0.41

0.858

34.5

Item as described

-2

2

0.10

0.440

10.7

Recommendation

-2

2

0.12

0.458

9.4

Come again

-2

2

0.16

0.454

13.8

The overall logistics

-2

2

0.37

0.711

33.4

Delivery speed

-2

2

0.00

0.145

0.8

Logistics speed

-2

2

0.01

0.162

1.3

Package

-2

2

0.07

0.373

6.3

The overall service

-2

2

0.31

0.791

26.7

Communication

-2

2

0.10

0.444

7.7

Professional

-2

2

0.06

0.455

8.8

Price

-2

2

0.06

0.341

5.0

Shipping fee

-1

2

0.01

0.179

1.1

Overall evaluation of the seller

-2

2

0.41

0.798

26.3

Trustworthiness of the seller

0

1

0.04

0.192

3.8

General favorites of the transactions

-1

2

0.19

0.508

14.6

General favorites of the goods

-2

2

0.29

0.752

27.6

General favorites of the seller

0

2

0.01

0.118

0.9

Encouragement

0

1

0.02

0.134

1.8

Be familiar with

0

1

0.03

0.157

2.5

High-context cognition

0

1

0.07

0.253

6.9

Sorry

0

1

0.01

0.072

0.5

Gifts

0

1

0.01

0.088

0.8

Thank

-2

1

0.31

0.470

31.6

Customers preferences

-1

2

0.00

0.107

0.6

Disappointment

0

1

0.07

0.255

7.0

Overall evaluation

1

5

4.61

0.912

4.2 Frequency analysis of the emotions
In order to illustrate the emotional tendencies of the text comments, further analyses are done for the
Lickert-5 coding elements. As it is showed in table 4, the frequencies of the different emotions are reported for
the 20 elements. It is apparent that 87.325% of the whole comments do not contain emotional expressions,
leaving only 12.675% of the text comments revealing positive or negative emotions. On average, wholesalers
weigh the positive higher than the negative. 11.2% of the comments reveal positive emotions, among which
5.245% of the comments being extremely positive, whereas, only 1.505% of the whole express negative
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emotions, less than half of which is extreme negative.
Prior studies have shown that people tend to make extreme evaluations so as to express their dissatisfaction
with the transactions or goods[9], and the impact of negative evaluation is greater than that of the positive[10]. It is
illustrated from the study that elements like good quality, dealing experience, the overall service, order accuracy,
the overall logistics and the general favorites of the goods, are likely to attract extreme dissatisfaction, This
indicates that small faults regarding those elements during the whole transaction will lead to the wholesaler’s
unhappy perception of the overall trading, and consequently cause extreme negative emotions. As for the
extreme positive emotions, likely the same elements appear frequently. Dellarocas and Wood[6] found that the
neutral rating can act as alternatives for consumer discontent in the binary rating system. In this paper, we treat
the scale of -1 to be the substitute for neutral rating, since it conveys the slight dissatisfaction. As the data
displays, order accuracy and service professional also show out in addition to the former mentioned elements, .
Table 4 Frequency of the Likert-5 scale dimensions
Dimension

The number and percentage of data
-2 point

-1 point

0 point

1 point

2 point

Dealing experience

18（1.6）

13（1.1）

953（83.1）

82（7.1）

81（7.1）

Order accuracy

17（1.5）

39（3.4）

1062（92.6）

10（0.9）

19（1.7）

Diversity of goods

0

3（0.3）

1144（99.7）

0

0

Quality

26（2.3）

17（1.5）

751（65.5）

165（14.4）

188（16.4）

Item as described

5（0.4）

10（0.9）

1024（89.3）

76（6.6）

32（2.8）

Price

2（0.2）

1（0.1）

1090（95.0）

29（2.5）

25（2.2）

Shipping fee

0

3（0.3）

1134（98.9）

2（0.2）

8（0.7）

The overall service

18（1.6）

25（2.2）

841（73.3）

107（9.3）

156（13.6）

Communication

4（0.3）

3（0.3）

1059（92.3）

35（3.1）

46（4.0）

Professional

8（0.7）

23（2.0）

1046（91.2）

31（2.7）

39（3.4）

The overall logistics

12（1.0）

15（1.3）

764（66.6）

251（21.9）

105（9.2）

Delivery speed

2（0.2）

1（0.1）

1138（99.2）

3（0.3）

3（0.3）

Logistics speed

2（0.2）

1（0.1）

1132（98.7）

9（0.8）

3（0.3）

Package

2（0.2）

8（0.7）

1075（93.7）

33（2.9）

29（2.5）

Overall evaluation for the seller

9（0.8）

0（0）

845（73.7）

94（8.2）

199（17.3）

General favorites of the transactions

0

1（0.1）

979（85.4）

110（9.6）

57（5.0）

General favorites of the goods

15（1.3）

32（2.8）

830（72.4）

142（12.4）

128（11.2）

General favorites of the seller

0

0

1137（99.1）

8（0.7）

2（0.2）

Recommendation

4（0.3）

1（0.1）

1039（90.6）

57（5.0）

46（4.0）

Come again

2（0.2）

0（0）

989（86.2）

122（10.6）

34（3.0）

Average percentage

0.64

0.865

87.325

5.96

5.245

4.3 Exploratory Regression analysis
In order to have a general idea of what factors influencing the wholesalers’ overall rating behavior, a simple
regression is followed up with overall rating being the dependent variable. Step-wise regression is adopted in
order to do the exploratory study. There are several approaches to stepwise the independent variables, in which
the component ratings applied in practical usages are considered. During the analysis, OLS is used for the first
attempts. No multicollinearity is found but with problem of heteroskedasticity WLS is therefore adopted during
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the second attempts. The main results are depicted in Table 5.
Table 5 Regression results
Items

overall service

Overall logistics Product quality

OLS

0.128 (4.358)

WLS

0.148a (4.126)

Items

Overall evaluation of Dealing

Favorites of the Recommendation

the seller

transactions

OLS
WLS

a

0.157 (6.261)
a

0.179 (7.101)

a

Order accuracy

a

Disappointment

Favorites of the goods

0.094 (3.784)

a

0.124 (4.417)

a

0.157 (6.126)

a

-0.201 (-7.347)

0.129 a (4.548)

0.121a (4.020)

0.132a (3.692)

0.350a (3.884)

-0.721a (-4.793)

0.157 a (4.513)

Communication

R2 / Adjt R2

-0.064b (-2.220)

0.322/0.315

experience
a

0.150 (5.875)
a

0.216 (5.287)

0.079 a (3.188)
a

0.142 (4.409)

0.069 a (2.739)
a

0.137 (3.439)

a

-0.131 (-2.615)

0.322/0.315

Eleven dimensions show significant relationship with the overall rating. As predicted, overall service and
logistics positively correlate with the overall ratings. However, it is surprising that the commonly adopted
component rating element - item as described, does not show significant relationship. Yet, product quality show
significance. It is also found that subject feelings like favorites of the transaction, favorites of the goods,
disappointment will lead to relevant ratings. In addition, detailed items like order accuracy, dealing experience,
and communication also have influencing effects.
5.

CONCLUSION AND DISCUSSIONS
Through adopting content analysis, this paper is to understand the wholesalers’ text comments. Nine

categories with 29 elements are defined, covering transaction process, quality, pricing, service, logistics, seller’s
reputation, subjective favorites and behavioral intentions. While writing text comments, online wholesalers use
objective comments as well as subject sentences. They not only tell about the average, but also touch the details.
Dimensions like product quality, dealing experience, overall service level, overall logistics, and favorites of the
goods attract high attentions from the wholesalers. At the same time, the text comments also convey positive and
negative emotions. Some elements are inclined to raise emotional expressions of wholesalers. The analysis
shows that product quality, dealing experience, overall service level, the overall logistics, and the favorites of
the goods show high tendencies to have extreme negative or positive evaluations.
This indicates that the quality of goods, service, and logistics are still the focus of international wholesalers in
B2B2C wholesale platform. It is consistent with the component rating system that majority of China’s e-markets
are using, Currently, Taobao and DHgate take item as described, customer service, and on-time delivery as the
three detailed components, and encourage buyers to evaluate the sellers based on a 5 star scale. However, we
also found that the dimension of product quality is different from item as described. The latter only concerns the
coherence of the description and the product itself, whereas the former involves the buyer's overall assessment
of the actual product quality. In addition, the frequency of product quality in the text comments is much higher
than that of item as described, which might be caused by the re-sale intention of the wholesalers. Furthermore,
since most products are experience goods in the B2B2C platform, many wholesalers also have comments about
their subjective favorites of the goods, which can further enhance the quality of the goods.
The results raise practical implications for online wholesale e-market. Currently, Aliexpress.com only adopts
the binary rating system, Therefore component rating systems are suggested to be designed, and with certain
revisions, which can create multi-channel evaluating opportunities for the traders. For example, the dimension
of product quality, customer preferences can also be considered. Detailed dimensions of service, logistics and
deal experience can be used but in optional, so that traders can rate when necessary. In addition, to open up the
subjective favorite evaluation opportunities for wholesalers are also needed,
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The paper dose not differentiate the comments for different goods, though there are differences between
durable experience goods and non-durable experience goods. This is the main shortcoming of the paper, which
also might leave for future studies.
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